A large proportion of particulate air pollution exposure in urban areas occurs due to the penetration of outdoor pollution into the residential indoor environment. Theoretical considerations suggest that quantifying health effects due to changes to indoor particulate concentrations derived from outdoor sources requires the adjustment of exposure-response coefficients based on epidemiological studies of outdoor air. Using the PM 2.5 -mortality coefficient from the American Cancer Society (ACS) cohort study as an example, we developed a theoretical model to quantify the relationship between the published coefficient and one based on personal exposure, and explored how this adjusted coefficient might be applied to changes in indoor PM 2.5 from outdoor sources. Using a probabilistic approach, our estimated average mortality coefficient for personal PM 2.5 exposure is 30-50% greater than the ACS coefficient. However, since the indoor PM 2.5 of outdoor origin accounts for only a proportion of the overall exposure, the average net adjustment required for indoor exposure is very modest. The results suggest that it is generally appropriate to apply unadjusted exposure-response functions derived from cohort studies to assess the health impact of changes in indoor particle concentrations from outdoor sources. However, it may be important to re-scale the coefficients for assessing exposures of population groups who spend a greater proportion of their time at home.
Introduction
Growing attention on reducing greenhouse gas (GHG) emissions, particularly in cities, has increased interest in housing energy efficiency and its potential health effects. Improving dwelling energy efficiency may have appreciable near-term net benefits to health from increased indoor temperatures in winter and other changes to the indoor environment [1, 2] , an example of the health "co-benefits" of GHG mitigation. However, there is also the potential for adverse health effects, especially if efficiency is in part achieved through tightening ventilation control; reducing ventilation
Materials and Methods
A first consideration is the distinction between particles originating from the outdoor air and those derived from indoor sources. There is a gap in scientific evidence about the long-term health effects of exposure to particles generated inside the home. Epidemiological evidence is emerging for the high levels of particle exposure produced by the inefficient and poorly ventilated combustion of biomass in low income settings [16, 17] and there is also evidence regarding the health risk due to particulate matter originating from tobacco smoke [18] , but in general, there is little direct evidence that addresses the long-term effects of exposure to fine particles generated inside the home. The differences in the nature of the particles of an indoor and outdoor origin and in their potential (but largely unquantified) relative toxicity are sufficiently great as to require entirely separate consideration [19] [20] [21] [22] . In this paper, we focus exclusively on particles penetrating the home from outside.
Theoretical Considerations
As our focus, we take the use of exposure-response coefficients for fine particles (maximum aerodynamic diameter of 2.5 microns, PM 2.5 ) derived from cohort studies, and consider how to modify them for use in studies estimating the impact on health due to changes in levels of indoor PM 2.5 derived from outdoor air. We take as our specific example the PM 2.5 -mortality coefficient published by the American Cancer Society (ACS) study [8] because of its pre-dominant use in health impact assessments (HIA) [7, 11] . We divide our model into two parts:
1.
The relationship between the PM 2.5 -mortality coefficient and the unit personal exposure in the ACS study.
2.
The application of the ACS personal PM 2.5 exposure-mortality relationship to estimated changes in residential indoor PM 2.5 exposure.
A PM 2.5 Coefficient for Personal Exposure
The ACS study estimated the increment in mortality associated with a unit increase in long-term average concentrations of PM 2.5 measured by ambient monitors in each study city (strictly each metropolitan statistical area). It assumes that the relationship between mortality D and long-term outdoor PM 2.5 concentration as monitored in each city (C m ) is (log-) linear with no threshold, as follows:
where α is the city-specific baseline log mortality rate due to other risk factors, and β is the ACS PM 2.5 -mortality coefficient (in the ACS study, the central estimate for β = 1.06). We make three principal assumptions:
1.
For each city and each dwelling in that city, the concentration of residential indoor PM 2.5 derived from outdoor sources (C ai ) is related to the concentration immediately outside the residence by a fixed ratio, irrespective of the outside concentration (i.e., C ai = F I NF C a ), where F I NF is the infiltration ratio for that dwelling and city; 2.
The proportion of time that subjects spend indoors, y, is independent of the infiltration ratios F I NF ; 3.
The level of outdoor pollution around the home is related to that at the measurement site (C m ) by a time-and space-invariant ratio, r (i.e., C a = rC m ), and is representative of all concentrations to which the population are exposed outside the home (i.e., all non-residential microenvironments which will not be affected by housing modifications).
Using the notation of Table 1 , based on Wilson et al. (2000) [23] , the total residential indoor PM 2.5 concentration in each city and dwelling is the sum of the PM 2.5 of an indoor origin, C ig , and the PM 2.5 derived by an ingress of outdoor air, as follows: Thus, the total personal exposure, E t , is an average of the outdoor and indoor exposure weighted for the proportion of time that an individual spends outdoors, y, and indoors (1 − y):
Substituting C i in (3) and remembering that we assume that the outdoor PM 2.5 concentration is representative of all exposure outside the home (unaffected by housing modifications):
In deriving Equation (4), we have substituted C a with rC m . Since this expression represents a relationship between an individual's total personal exposure and the outside level, whereas the ACS study associates mortality with a single measure of PM 2.5 concentration for a city, we need to further show that the expression also holds for average E t and C a values. Principal assumption (2) implies that the average of the product of y and F I NF over all cities and dwellings is equal to the product of the averages (XY = XY if X and Y are independent, where the bar denotes the averaging operator) [24] . In this case, Equation (4) is therefore valid using averages for the cities of the ACS study as a whole. Averaging both sides of Equation (4) gives:
Hence, the change in the average total personal exposure for a unit change in C m is:
where the operator d denotes differentiation. At this point, having demonstrated that expression (4) is also true for average values, we shall dispense with the bar symbols. Now, we assume that health effects may be represented by:
where β is the coefficient for the change in risk per µg/m 3 PM 2.5 measured at the monitor and β * is the coefficient for the change in risk per µg/m 3 PM 2.5 personal exposure (more precisely, these are the exponent forms). Thus, by differentiating (7) with respect to C m and equating it to the right hand side of (6), we get:
Equation (8) provides a scaling factor with which to adjust the outdoor exposure-response coefficient β to reflect the change in personal exposure.
Application to Changes in Indoor PM 2.5 from Outdoor Sources
To apply this adjustment to other settings for HIA studies based on changes in indoor PM 2.5 , a further step is necessary to account for the contribution of the change in indoor PM 2.5 to overall personal exposure. Under principal assumption (3), any housing intervention is assumed to have no effect on the exposure to PM 2.5 outdoors or in other microenvironments. Hence, the change in personal exposure following a housing intervention, δE t , is proportional to the change in residential indoor PM 2.5 of an outdoor origin, δC ai , with the constant of proportionality equal to the proportion of time spent indoors at home (1 − y ), where y is the proportion of time spent outside the home in the setting where the HIA is being performed (note that y is distinct from y, which represents the proportion of time spent indoors by the ACS population) and δ is the change operator:
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Hence, for a given change in residential indoor PM 2.5 of an outdoor origin, the relative risk (RR) for health impact may be computed by multiplying Equation (8) by Equation (9):
This, we propose, is the more appropriate equation to apply for the relative risk calculations associated with PM 2.5 changes when estimating the health impact of housing interventions based on changes in indoor PM 2.5 from outside sources. Note that, because (1 − y ) will always be less than 1, the proportion of time spent outside the home will tend to reduce the change in relative risk when applied to changes in indoor concentrations.
Results

Parameterizing a Health Impact Calculation
The values used to parameterize Equation (10) have an appreciable bearing on the overall calculation of the health impact. We estimated plausible distributions in the US for each parameter based on published evidence (Table 2) . Table 2 . Estimated parameter distributions and sources of evidence.
Parameter
Distribution
Source
Shape Mean Standard Deviation
Ratio of PM 2.5 concentration at a monitoring site to that in the outdoor air at the place of residence (r)
Observed data on spatial variations in ambient PM 2.5 [25] and analysis of monitoring sites in New York Ratio of PM 2.5 in the indoor air due to outdoor sources to that in the outside air (F I NF )
Beta distribution with shape parameters "alpha" = 5.12, "beta" = 2.52 0.67 0.16
Measurements in US homes as part of the PTEAM study [26] , as cited by Wallace (1996) [27] Proportion of time spent indoors at home (1 − y) Survey data from the US National Human Activity Pattern Survey (NHAPS) [28] [29] [30] * Weighted towards deaths in older age groups.
The average value for the ratio of average PM 2.5 at the place of residence compared with at the monitoring location within the ACS study (r) is likely to be approximately 1 and this assumption is commonly made in the literature [31] . There is evidence to suggest that, in general, fixed site monitors will be located closer to the city centre than residential locations, and hence exhibit slightly higher average PM 2.5 concentrations [32] . On the other hand, Adgate et al. (2002) [25] found that PM 2.5 measurements outside dwellings in three US communities were significantly higher than central site measurements on days with paired samples. This study and others have found the distribution of outdoor measurements to be positively skewed and approximately log-normal with a high correlation between locations [33, 34] . Precise estimates are doubtless possible if spatial models of air pollutants are applied to the ACS study cities. In lieu of detailed dispersion modelling, based on the evidence described above and our own analysis of the spatial variation in long-term PM 2.5 levels across a city (New York), we have represented the distribution of r using a log-normal distribution with mean = 1.0 and standard deviation = 0.1 (Figure 1 ). However, given the uncertainties associated with this parameter, we have also tested the sensitivity of the model using a log-normal distribution with mean = 1.0 and standard deviation = 0.2 to represent a greater degree of spatial variability. evidence described above and our own analysis of the spatial variation in long-term PM2.5 levels across a city (New York), we have represented the distribution of r using a log-normal distribution with mean = 1.0 and standard deviation = 0.1 (Figure 1 ). However, given the uncertainties associated with this parameter, we have also tested the sensitivity of the model using a log-normal distribution with mean = 1.0 and standard deviation = 0.2 to represent a greater degree of spatial variability. Evidence for the value of the infiltration ratio of indoor PM 2.5 of an outdoor origin to outdoor PM 2.5 at the home (F INF ) is available from both modelling studies and measurements. Based on the knowledge of deposition rates and assuming a typical US air exchange value of 0.75 h −1 , an average contribution to indoor fine particles due to outdoor air of approximately 65% at a steady state is likely [27] . The PTEAM study [26] estimated the actual distribution of values for this parameter in study homes using the same method and found an average of around 67% for fine particles. The values obtained during the study ranged from approximately 28% to 95% with a standard deviation of about 16%. We used these values, which are also consistent with a recent review [35] , to represent F INF using a beta distribution because it is bounded between 0 and 1 (Figure 2 ). Our own modelling using the validated CONTAM multizone modelling software [36] , suggests values in the range of 0.5-0.8 under a range of permeability levels ("air leakiness"), and the proportionality of outdoor PM 2.5 to indoor PM 2.5 derived from outdoors. These values were based on a model for a single housing archetype, for which we modelled the hourly indoor concentrations over a year using a range of plausible annual average outdoor concentrations in the UK. Further details of the modelling methods are described in Shrubsole et al. (2011) [3] . Evidence for the value of the infiltration ratio of indoor PM2.5 of an outdoor origin to outdoor PM2.5 at the home (F ) is available from both modelling studies and measurements. Based on the knowledge of deposition rates and assuming a typical US air exchange value of 0.75 h −1 , an average contribution to indoor fine particles due to outdoor air of approximately 65% at a steady state is likely [27] . The PTEAM study [26] estimated the actual distribution of values for this parameter in study homes using the same method and found an average of around 67% for fine particles. The values obtained during the study ranged from approximately 28% to 95% with a standard deviation of about 16%. We used these values, which are also consistent with a recent review [35] , to represent F using a beta distribution because it is bounded between 0 and 1 (Figure 2 ). Our own modelling using the validated CONTAM multizone modelling software [36] , suggests values in the range of 0.5-0.8 under a range of permeability levels ("air leakiness"), and the proportionality of outdoor PM2.5 to indoor PM2.5 derived from outdoors. These values were based on a model for a single housing archetype, for which we modelled the hourly indoor concentrations over a year using a range of plausible annual average outdoor concentrations in the UK. Further details of the modelling methods are described in Shrubsole et al. (2011) [3] . Evidence for the proportion of time spent away from the residence ( ) is provided by the US National Human Activity Pattern Survey (NHAPS), a two year probability-based telephone survey of almost 10,000 people sponsored by the US EPA [28, 29] . The survey found that, on average, individuals in the USA spend 68.7% of their time in a residence, 5.4% in an office or factory, 1.8% in a bar or restaurant, and 11% in other indoor locations: a total of 86.9% spent indoors, with the Evidence for the proportion of time spent away from the residence (y) is provided by the US National Human Activity Pattern Survey (NHAPS), a two year probability-based telephone survey of almost 10,000 people sponsored by the US EPA [28, 29] . The survey found that, on average, individuals in the USA spend 68.7% of their time in a residence, 5.4% in an office or factory, 1.8% in a bar or restaurant, and 11% in other indoor locations: a total of 86.9% spent indoors, with the remaining time outdoors (7.6%) or in a vehicle (5.5%). These values were, on average, found to change relatively little in different parts of the US (±2%), despite the large climatic variations, and have remained fairly constant over recent decades. We used published percentiles for the time spent indoors at residences from the NHAPS data [30] to replicate the published (multimodal) distribution from the original survey data, as shown in Klepeis et al. (2001) [28] (Figure 3) . Mortality in the ACS study will have been dominated by deaths in older people who spend a greater proportion of their time indoors. To account for this, as an approximation, we estimated the distributions of time spent indoors for individuals aged under 65 and over 65 based on the original survey data. These distributions were then combined into a single distribution that was weighted towards time spent indoors by people aged over 65, based on the proportion of deaths occurring in the two age groups using US life tables from the period of the ACS study. 
Results of Simulations
We used the mean estimates of the three parameters described above ( , and ) to estimate the required mean adjustment to the ACS coefficient to reflect changes in the mortality risk for personal (Equation (8)) and residential indoor exposure to outdoor-generated PM2.5 (Equation (10)), and also a Monte Carlo simulation using 100,000 samples to make estimates for populations with different values of , , and (Table 3 ). 
We used the mean estimates of the three parameters described above (r, F I NF and y) to estimate the required mean adjustment to the ACS coefficient to reflect changes in the mortality risk for personal (Equation (8)) and residential indoor exposure to outdoor-generated PM 2.5 (Equation (10) ), and also a Monte Carlo simulation using 100,000 samples to make estimates for populations with different values of r, F I NF , and y ( Table 3 ).
The results suggest that the required change to the ACS coefficient for personal exposure is a mean increase of 50.7% (median = 37.6%). This suggests that an appropriate multiplying factor may be around 1.3 to 1.5. However, for a coefficient for change in the indoor exposure to outdoor-generated PM 2.5 (C ai ), the fact that individuals spend some of their time outside the home means that a countervailing further adjustment is needed. The final impact on the relative risk (and hence the health impact calculation) is only modest (mean = 3.7%, median = −6.7%). Based on the median, it is worth noting that the required adjustment is a small decrease compared to the result that would be obtained by the application of the unadjusted ACS coefficient. Simulations assuming greater spatial variation in ambient PM 2.5 (ratio of PM 2.5 at the place of residence compared with at the monitoring location modelled using a log-normal distribution with standard deviation = 0.2) resulted in only a modest increase in the required adjustments for personal exposure (mean = 60.6%, median = 40.5%) and indoor exposure (mean = 10.5%, median = −5.8%). The simulations suggest a high level of population variance in the required adjustments for both personal and indoor exposure. An appropriate relative risk for personal exposure in the ACS study is increased relative to the original ACS coefficient under most circumstances (Figure 4 ). However, for indoor exposure, although the relative risk may be marginally decreased on average, there is the potential for much more substantial changes to the coefficient ( Figure 5 ). The proportion of time that individuals spend indoors at home is extremely important in this respect. For population groups who spend most or all of their time indoors, an increase in the ACS coefficient is required to assess changes in indoor PM 2.5 exposure. The age-dependent analysis demonstrates this through the increases which would be required for infants (age four and under) and the elderly (age 65 and above) ( Table 3) . modest increase in the required adjustments for personal exposure (mean = 60.6%, median = 40.5%) and indoor exposure (mean = 10.5%, median = −5.8%). The simulations suggest a high level of population variance in the required adjustments for both personal and indoor exposure. An appropriate relative risk for personal exposure in the ACS study is increased relative to the original ACS coefficient under most circumstances (Figure 4 ). However, for indoor exposure, although the relative risk may be marginally decreased on average, there is the potential for much more substantial changes to the coefficient ( Figure 5 ). The proportion of time that individuals spend indoors at home is extremely important in this respect. For population groups who spend most or all of their time indoors, an increase in the ACS coefficient is required to assess changes in indoor PM2.5 exposure. The age-dependent analysis demonstrates this through the increases which would be required for infants (age four and under) and the elderly (age 65 and above) ( Table 3 ). 
Discussion
We have sought to establish the theoretical basis for using published exposure-response coefficients from studies with fixed-site monitors for exposure assignment in the calculation of the long-term health impacts associated with housing interventions that affect indoor air quality. Reassuringly, for fine particle exposures, the net result of adjustments appears to be fairly close to the value that would be obtained by the application of the unadjusted coefficient to changes in indoor PM 2.5 due to outdoor sources (C ai ). The change in mortality risk in relation to changes in personal exposure is appreciably greater (30-50%) than the original ACS coefficient indicates, but the fact that indoor PM 2.5 is only a partial determinant of overall PM 2.5 exposure tends to reduce the overall relative "correction" for residential indoor exposure to approximately unity. A modification to the ACS coefficient of around 30% to 50% for total personal exposure is broadly consistent with previously published evidence suggesting increased coefficients for personal exposure in time-series studies [37, 38] . Similarly, studies adjusting coefficients for exposure measurement error using regression calibration techniques have tended to suggest that central monitoring sites generally provide a reasonable representation of overall personal exposures [39] [40] [41] . However, regression calibration requires detailed information on personal exposures (for instance, based on personal monitoring or remotely sensed data), which commonly does not account for indoor exposures. To address this gap, our method provides a logical rationale for scaling coefficients for use in indoor environments based on assumptions about the relationship between exposures indoors and at central monitoring sites.
On average, our results suggest that only a minor adjustment to the ACS coefficient is required for indoor exposure and so, in many circumstances, it is appropriate to apply the original ACS coefficient to assess changes in indoor PM 2.5 from outdoor sources (without further adjustment for time spent indoors since this has been accounted for). Correction for specific population groups who spend a larger proportion of their time indoors may still be important, however, depending on where the HIA is applied. Our results suggest an upward correction of 10-20% may be required for assessing changes in the indoor exposures of infants and elderly people. It should be noted that different scaling factors would be needed for different sizes of particles due to differences in their ability to penetrate the building envelope and deposition velocities [27, 42] . There is also evidence, though based on an analysis of short-term associations, to suggest further effect modification may occur due to specific seasonal and regional influences [43] .
Of course, our calculations entail many assumptions. The assumption of a constant ratio of indoor PM 2.5 from outdoor sources to outdoor PM 2.5 (F I NF ) (assumption 1) is reasonable and obtained when modelling software such as CONTAM is used to estimate the effect of housing interventions. Moreover, there are measurements in the literature to provide a reasonable basis for estimating the ratio, at least for some types of dwellings. In the absence of significant indoor sources, indoor and outdoor PM 2.5 levels are generally observed to track each other fairly closely over time with indoor concentrations lower than outdoors [44, 45] . Relatively few studies have attempted to quantify explicitly the contribution of ambient PM 2.5 to indoor concentrations [46] . However, measurements in a dwelling in California have demonstrated that indoor PM 2.5 of an outdoor origin represents on average around half the outdoor concentration [47] .
The independence of time spent indoors vs. the infiltration ratio (assumption 2) is likely to be an oversimplification as people spend more time outdoors in warmer weather and are likely to open windows more, which will affect air exchange with the outdoors. Therefore, if people spend more time outdoors, the infiltration ratio (F I NF ) will approach 1 (same concentration of indoor PM 2.5 of outdoor origin as outdoor PM 2.5 ), and the scaling factor for personal exposure (β * ) will approach 1/r (Equation (8)) and tend towards β (i.e., little or no change to the original ACS coefficient). However, in colder weather, the converse is true and the change to the coefficient for personal exposure will increase. As such, our judgement is that the degree to which there is a lack of independence is not critical to the overall conclusions of our study.
Assumption (3) is a simplification in particular because it assumes that the pollution outside the home is broadly representative of all non-dwelling-related PM 2.5 exposure. This assumes that there is no spatial variability in outdoor PM 2.5 (apart from a constant difference in PM 2.5 concentrations between the monitoring site and any residence in a city) and disregards exposure in other microenvironments (such as transient microenvironments where concentrations of certain pollutants can be very high). For this reason, personal exposures tend to be higher than both outdoor and indoor (static) concentrations [25] . The model could be extended to provide a more complete representation of total personal exposure to PM 2.5 , going beyond a simple distinction of indoor and outdoor exposure, to separate exposure outside the home into components near the place of residence and those further afield, including in other (e.g., work-and transport-related) microenvironments. This would require a more complex exposure model including detailed information on exposures and time spent in all locations. However, because exposures in these other settings are not affected by dwelling characteristics or housing modifications, this assumption probably only leads to modest imprecision.
Our analysis has focused on housing in the USA, though similar arguments would apply in other settings. Dwelling characteristics, and particularly energy efficiency interventions, will clearly affect concentrations of particles derived from indoor sources because of their influence on ventilation. However, this raises a fundamental issue about the toxicity and health impact of particles derived from indoor sources. Our interpretation is that there is as yet insufficient evidence to draw a firm conclusion about the relative toxicity of particles of an indoor and outdoor origin [48] . The effect of our assumption (2) is to make clear that the application of the adjusted PM 2.5 -mortality coefficient is solely for that component of indoor PM 2.5 derived from outdoor air and not of indoor PM 2.5 in total. How indoor particle sources should be treated has a potentially larger impact than the adjustment of the coefficient for PM 2.5 applied to fine particles of an outdoor origin. We think this is an important evidence gap of considerable public health importance, which means that current studies may not adequately address all components of the health impact relating to particle exposure.
In conclusion, the exposure-response functions derived from semi-ecological cohort studies may need to be adjusted when applying them to models of the health impact of changes in indoor particle concentrations from an outdoor origin. In general, our estimates suggest the required adjustment is relatively modest and hence the use of unadjusted coefficients is appropriate under many circumstances. However, existing coefficients should be adjusted when used for assessments of certain population groups, in particular vulnerable individuals such as infants and the elderly who spend a greater proportion of their time indoors at home.
